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Abstract

We introduce a Gaussian accelerated molecular dynamics (GaMD), Deep Learning (DL) and
free energy prOfiling Workflow (GLOW) to predict molecular determinants and map free energy
landscapes of biomolecules. All-atom GaMD enhanced sampling simulations are first performed
on biomolecules of interest. Structural contact maps are then calculated from GaMD simulation
frames and transformed into images for building DL models using convolutional neural network.
Important structural contacts are further determined from DL models of attention maps of

the structural contact gradients, which allow us to identify the system reaction coordinates.
Finally, free energy profiles are calculated for the selected reaction coordinates through energetic
reweighting of the GaMD simulations. We have also successfully demonstrated GLOW on
characterization of activation and allosteric modulation of a GPCR, using the adenosine A;
receptor (A1AR) as a model system. GLOW findings are highly consistent with previous
experimental and computational studies of the AjAR, while also provide further mechanistic
insights into the receptor function. In summary, GLOW provides a systematic approach to
mapping free energy landscapes of biomolecules. The GLOW workflow and its user manual can
be downloaded at http://miaolab.org/GLOW.
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GLOW integrates a Gaussian accelerated molecular dynamics (GaMD), Deep Learning (DL)
and free energy prOfiling Workflow to predict molecular determinants and map free energy
landscapes of biomolecules. GaMD simulations are performed on biomolecules. DL identifies
important system reaction coordinates. Free energy profiles are finally calculated to characterize
biomolecular dynamics.
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Introduction

Molecular dynamics (MD) is a powerful computational technique for simulating
biomolecular dynamics at an atomistic level®. Longer and cheaper MD simulations can

now be achieved due to remarkable advances in computing hardware (e.g., the Anton
supercomputer and GPUs) and software developments?: 3. Even so, conventional MD
(cMD) is typically limited to hundreds of nanoseconds to tens of microseconds3-10, Many
biological processes of interest, however, occur over milliseconds or even longer timescales,
due to high energy barriers (e.g., 8-12 kcal/mol)3-10, Consequently, sufficient sampling of
different conformations and accurate calculations of free energy profiles of biomolecules
remain challenging for cMD simulations®.

Enhanced sampling techniques have been developed to overcome the above challenges.
Many enhanced sampling techniques have been developed during the last several
decades!115. Overall, these techniques greatly improve the sampling of biomolecular
dynamics and the accuracy of free energy calculations. One class of these methods use
predefined collective variables (CVs) or reaction coordinates (RCs), including umbrella
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sampling1® 17 metadynamics?8 19, adaptive biasing force2%: 21 and steered MD?2, It is,
however, rather challenging to define proper CVs in prior because the system needs to
be studied in detail beforehand3. In addition, predefining CVs could significantly limit
sampling of the conformational space during simulations. Another class of enhanced
sampling techniques do not require predefined CVs, including replica exchange MD
(REMD)23: 24 or parallel tempering?®, self-guided Langevin MD26-28 and accelerated
MD (aMD)??: 30, In aMD, a boost potential is added to sample different low-energy
conformational states by smoothing the system potential energy surface and reducing the
energy barriers??: 31, Despite the advantage of unconstrained enhanced sampling, aMD
suffers from high energetic noise and difficulties in recovering the original statistical
ensemble3: 32, This issue can be severe for large biomolecular systems, such as proteins
and nucleic acids, where proper energetic reweighting has often been prohibitive33,

Gaussian accelerated molecular dynamics (GaMD) is developed based on aMD for
simultaneous unconstrained enhanced sampling and free energy calculations of large
biomolecules34. GaMD adds a harmonic boost potential to reduce the system energy
barriers34. This boost potential usually exhibits a Gaussian distribution. Cumulant expansion
to the second order (“Gaussian approximation™) can be applied to achieve proper energetic
reweighting33. GaMD resolves the energetic noise problem encountered in the previous
aMD method?% 35, and allows for recovery of the original free energy profiles34. GaMD
has been successfully demonstrated on enhanced sampling of ligand binding34: 36-40,
protein folding34 36, protein conformational changes3”- 41-43 protein-membrane*4, protein-
protein®l: 4546 and protein-nucleic acid4’: 48 interactions, etc. Furthermore, GaMD has
been combined with REMDA*®: 50 to further improve conformational sampling and free
energy calculations3. Recently developed “selective GaMD” algorithms, including Ligand
GaMD (LiGaMD)®! and Peptide GaMD (Pep-GaMD)>2, have enabled repetitive binding
and dissociation of small-molecule ligands and highly flexible peptides within microsecond
simulations, which allow for highly efficient and accurate calculations of ligand/peptide
binding free energies and kinetic rate constants?.

Machine Learning (ML) has been applied to enhance MD simulations and facilitate the
simulation analysis of biomolecules®3: 54, particularly G-protein-coupled receptors (GPCRs).
GPCRs are the largest family of human membrane proteins and represent primary targets of
~34% of currently marketed drugs®®. For class A (rhodopsin-like) GPCRs, activation is often
triggered by binding of an agonist to the orthosteric pocket located within the receptor seven
transmembrane (TM) domain®%. However, complete activation of GPCRs usually requires
additional coupling of the intracellular G proteins. GPCR activation has been characterized
by structural rearrangements of the TM5, TM6 and TM7 helices, notably outward tilting of
the TM6 cytoplasmic end, inward movement of the NPxxY motif in the TM7 intracellular
domain and close interaction of Tyr5.58 and Tyr7.53 in the G protein-coupling site5’-64,
GPCR residues are numbered according to the Ballesteros-Weinstein scheme®®. In addition
to orthosteric ligands, GPCR structural dynamics can be modulated by allosteric ligands,
compounds that bind to topographically distant (“allosteric”) sites®6-68. For example,
binding of a positive allosteric modulator (PAM) in the M2 muscarinic receptor led to
sidechain rotation of residue W7.35 and slight contraction of the receptor extracellular
pocket, which was pre-formed in the active agonist-bound structure®’- 9. Binding of
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a muscarinic toxin negative allosteric modulator (NAM) to the antagonist bound M1
muscarinic receptor resulted in conformational changes in the extracellular loop 2 (ECL2),
TM1, TM2, TM6 and TM7 extracellular domains, as well as the TM2 and TM®6 intracellular
domains’®. In the free fatty acid receptor GPR40, PAM binding in a lipid-facing pocket
induced conformational changes in the intracellular loop 2 (ICL2), TM4 and TM5 of the
active receptor’L, The ICL2 adopted a short helical conformation and the TM5 was shifted
along its helical axis towards the extracellular side relative to the TM47L, A similar allosteric
site was identified for binding of NAMs between TM3-TM4-TMD5 on the lipid-exposed
surface of the C5a receptor’2. Recently, binding of a PAM to an extrahelical lipid-facing
pocket formed by TM1-TM6-TM?7 helices of adenosine Az receptor (A;AR) stabilized the
receptor-G protein complex by increasing agonist binding affinity and reducing receptor-G
protein mobility#2. Notably, ECL2 has been suggested to play an important role in the
activation and allosteric modulation of AjAR and other GPCRs#2: 7377,

Weinstein and co-workers developed an ML approach for analysis of cMD simulations to
classify inverse, partial and full agonists of class A GPCRs and predict their molecular
determinants’8. It was based on transforming MD trajectories into image representations
recognizable by Deep Neural Networks (DNNs). The X, Y and Z coordinates of an atom

in each simulation frame were converted to the red, green and blue (RGB) color values

of a pixel in an image. They also developed a Rare Event Detection (RED) protocol to
investigate ligand-dependent conformational transitions in cMD simulations of the serotonin
5-HT2AR receptor’®. RED was able to identify rare transition events in residue contacts

of the GPCR in response to binding of the agonist and inverse agonist. Another ML
approach was developed to cluster MD simulations of the dopamine D3 receptor (D3R)

for rationalizing the efficacy change induced by binding of four orthosteric ligands8°. The
analysis revealed that increase in ligand flexibility progressively destabilized the D3R,
which was validated in experiments. Furthermore, supervised and unsupervised ML methods
were used to create interpretable maps of important features from MD simulations to
analyze signal transduction, ligand binding and voltage sensing of the ,-adrenoceptor®l.
ML was also combined with infrequent metadynamics simulations to predict the kinetic
rates and mechanisms of orthosteric ligand dissociation from the p opioid receptor (LOR)82.
Supervised ML classifiers have been built on molecular features to distinguish active
orthosteric ligands from the inactive or random compound and allosteric modulators from
orthosteric ligands in the CB1 and CB2 cannabinoid receptors83. However, ML has not been
combined with MD for modeling of GPCR allosteric modulation.

In this work, we introduce a GaMD, deep Learning and free energy prOfiling Workflow
(GLOW) for biomolecular simulations. First, GaMD simulations are performed on
biomolecular systems of our interest. A Deep Learning (DL) model is then trained with
residue contact maps of GaMD trajectories transformed into image representations. The DL
model allows us to classify the systems of interest and predict their molecular determinants,
from which important residues will be identified by pixel-attributed backpropagation8 to
select the system reaction coordinates (RCs). Free energy profiles of the RCs are finally
calculated from GaMD simulations to enable detailed characterization of target biomolecular
systems. GLOW provides a systematic approach to mapping free energy landscapes of
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systems of interest. Furthermore, we demonstrate GLOW on characterization of both
activation and allosteric modulation of a model GPCR.

Overview of GLOW

In GLOW, GaMD and DL are integrated to identify important reaction coordinates and
map free energy profiles of biomolecules. First, GaMD simulations were performed on

the target biomolecules (Figure 1A). Since simulation trajectories are collections of static
PDB snapshots, the residue contact map of each simulation frame can be calculated and
transformed into images (Figure 1B). The specialized type of neural network for image
classification, two-dimensional (2D) convolutional neural network (CNN), is employed to
classify the residue contact maps of target biomolecules, from which important residue
contacts are identified by classic gradient-based pixel attribution84 (Figure 1C). Finally, the
free energy profiles of these RCs are calculated through reweighting of GaMD simulations
to characterize the biomolecular systems of interest (Figure 1D). Related theories and
application of GLOW are described in detail below.

Gaussian accelerated molecular dynamics

GaMD works by adding a harmonic boost potential to smooth the potential energy surface
when the system potential drops below a reference energy £

%k(E V)% V() <E

av(r) = @

0, V(r) 2 E,

where k'is the harmonic force constant. The two adjustable parameters £and & can

be determined based on three enhanced sampling principles. First, for any two arbitrary
potential values V(7 and V»(+") found on the original energy surface, if V(7)) < Va(7),
AVshould be a monotonic function that does not change the relative order of the biased
potential values; i.e., V(7)) < V4(7). Second, if V1(7) < V»(7), the potential difference

observed on the smoothed energy surface should be smaller than that of the original, i.e.,
VE(r) = Vi) < Va(r) = Vi(r). The reference energy needs to be set in the following

range:

1
Vmax <EZ Vmin + (2

where Vjaxand Vi, are the system minimum and maximum potential energies. To ensure

1 - 1
. Let us define k = kgo———,
Vimax = Vmin 0 Vimax = Vmin

that equation (2) is valid, A must satisfy: k <
then 0 < ky < 1. Third, the standard deviation of A V/needs to be small enough (i.e., narrow
distribution) to ensure proper energetic reweighting33: op = k(£ - Vavg ov s oy, where
Vagand o are the average and standard deviation of the system potential energies, op\/is
the standard deviation of AV with oy as a user-specified upper limit (e.g., 10kgT) for proper

reweighting. When £ is set to the lower bound £= V/;, kpcan be calculated as:
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60 Vinax = Vimin

ko = min(1.0, kg) = min(l.O, , 3)

ov Vinax — Vavg

Alternatively, when the threshold energy £is set to its upper bound E <V, + % Kpis set

to:

Vmax - Vmin

k —k”—(10 60)
0o=ro =" Vmax_Vavg

- : @

if kg is found to be between 0 and 1. Otherwise, kpis calculated using equation (3).

Similar to aMD, GaMD provides options to add only the total potential boost A V),

only dihedral potential boost AV, or the dual potential boost (both AV),and A V).

The dual-boost GaMD generally provides higher acceleration than the other two types of
simulations31,

Simulation protocol

The X-ray crystal structure of human A;AR in complex with PSB36 antagonist (PDB:
5N2S)8 and cryo-EM structures of the AjAR bound by the adenosine (ADO) and Gj,
protein (PDB: 6D9H)8 and A;AR bound by ADO, Gj, protein and MIPS521 PAM (PDB:
7LD3)*2 were used to set up the simulation systems. The Gj, protein was removed from
the 6D9H structure to prepare the AjAR — ADO system. While GaMD simulations of the
A1AR-ADO-Gjp, AJAR-ADO-Gjo-MIPS521 and A;AR-ADO systems were obtained from
a previous study#2, we additionally performed GaMD simulations on the A;AR-PSB36
system. All chain termini were capped with neutral patches (acetyl and methylamide). The
receptor was then embedded in POPC membrane lipid bilayers and complex structures
were solvated in 0.15 M NaCl solutions. The CHARMM36m force field parameter set8’
was used for the simulations. The systems were energetically minimized for 5000 steps
using the steepest-descent algorithm and equilibrated with the constant number, volume,
and temperature (NVT) ensemble with 310 K. They were further equilibrated for 375 ps
at 310 K with the constant number, pressure, and temperature (NPT) ensemble. The cMD
simulations were then performed for 10 ns using the NPT ensemble with constant surface
tension at 1 atm pressure and 310 K temperature. GaMD implemented in GPU version of
AMBER 2034 88. 89 \yas applied to simulate the AjAR systems. The simulation involved
an initial short cMD of 10 ns to calculate GaMD acceleration parameters and GaMD
equilibration of added boost potential for 40 ns. Three independent GaMD production
simulations with randomized initial atomic velocities were performed at the “dual-boost”
level, with one boost potential applied to the dihedral energetic term and the other to

the total potential energetic term. 500-ns simulations were performed on the experimental
structure complexes, and 1000-ns simulations were performed on the AjAR-ADO system.
The reference energy was set to the lower bound, and the upper limit of the boost potential
standard deviation, og, was set to 6.0 kcal/mol for both the dihedral and total potential
energetic terms. The GaMD simulations are summarized in Table S1.
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Deep Learning

Deep learning was applied to analyze GaMD simulations of the A;AR systems. The

residue contact map of each GaMD simulation frame was computed using Python packages
MDTraj?° and contact map explorer®0. A contact definition of <4.5 A between any heavy
atoms was used. The resulting 287 x 287 — residue contact maps were transformed into 287
x 287 — pixel grayscale images for analysis by a 2D CNN (Figure 1B). In total, 150,000
images were obtained for each A1AR system, 80% of which were randomly selected for
training, while the rest were used for validation. We built our 2D CNN using the Keras
module®! embedded in Python TensorFlow package®2. The best fit model consisted of four
convolutional layers of 3 x 3 kernel size, with 32, 32, 64 and 64 filters, respectively,
followed by three fully connected (dense) layers, the first two of which included 512

and 128 filters with a dropout rate of 0.5 each. The final fully connected layer was the
classification layer. We used “ReLu” activation for all layers in the 2D CNN, except the
classification layer, in which “softmax” activation was used. A maximum pooling layer of 2
x 2 kernel size was added after each convolutional layer. Finally, the saliency (attention)
map of residue contact gradients was calculated through backpropagation by vanilla
gradient-based pixel attribution84 using the residue contact map of the most populated
structural cluster of each A1AR system. The hierarchical agglomerative clustering algorithm
was used to cluster snapshots of receptor conformations with all GaMD production
simulations combined for each system.

Free energy profiling

Important residue contacts were identified from the DL model based on the following:

(1) the contact gradients were above 0.4 in the saliency (attention) maps (see Figs. 2

and 5, Tables S2 and S3), (2) the residue contacts were from different receptor domains,

and (3) they showed distinct features in different forms of the simulation system. RCs
associated with the important residues were then selected to compute free energy profiles by
reweighting the GaMD simulations using the PyReweighting toolkit33: 34, A bin size of 0.5
A was used, and the cutoff was set to 500 — 1000 frames in one bin for reweighting. The
probability distribution of selected RCs can be calculated from simulations as p*(A). Given
the boost potential A A/ of each frame in GaMD simulations, p*(A) can be reweighted to
recover the canonical ensemble distribution, p(A), as:

(),
T,

p(A)) = p*(4)) j=1..M -

where M s the number of bins, 8= kg7 and (¢®*")) is the ensemble-averaged Boltzmann
factor of AW/ for simulation frames found in the £ bin. The ensemble-averaged
reweighting factor can be approximated using cumulant expansion33: 34:

k
<eﬂAV(r)> = exp Z;oz I%Ck)’ (6)

where the first two cumulants are given by:
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C, = (4v),

Cr = (aV?) - (av?) = &2 )
The boost potential obtained from GaMD simulations usually shows near-Gaussian
distribution?3. Cumulant expansion to the second order thus provides a good approximation
for computing the reweighting factor33 34, The reweighted free energy AA) = —kgT In p(A)
is calculated as:

k
F(A) = F¥(4) - Y : _ l%ck +F,, ®)
where F*(A) = —kgT In p*(A) is the modified free energy obtained from GaMD simulation
and F.is a constant.

We obtained dual-boost GaMD simulations on four systems of the AjAR bound by the
“Antagonist”, “Agonist”, “Agonist — Gi” and “Agonist — Gi — PAM” (Table S1). GaMD
simulations recorded similar averages and standard deviations (SDs) of the added boost
potentials, i.e., 15.07 + 4.53 kcal/mol for the Antagonist — AjAR, 17.07 + 5.01 kcal/mol for
the Agonist — A1AR, 18.32 £ 6.29 kcal/mol for the Agonist — AJAR — Gi and 20.53 = 6.54
kcal/mol for the Agonist — A1AR — Gi — PAM complex, respectively. The residue contact
map of every 10 simulation frames was extracted and transformed into an image. We then
built a 2D CNN for each system. The saliency (attention) maps of residue contact gradients
of the most populated structural clusters were used to infer characteristic residue contacts in
activation and allosteric modulation of the AjAR. The complete lists of important residue
contacts (whose gradients were =0.4 from pixel backpropagation) are summarized in Table
S2 for activation and Table S3 for allosteric modulation.

Characterization of GPCR activation with GLOW

Classification of the AjAR bound by “Antagonist”, “Agonist” and “Agonist — Gi” by
GLOW is depicted in Figure 2. The overall accuracy achieved on the validation set after

15 epochs was 0.9934, while the overall loss was 0.0185 (Figure S1). Among the 30,000
frames for validation of each system, GLOW accurately classified most of them, including
all 30,000 frames of “Antagonist” bound A1AR, 29,997 frames of “Agonist” bound A1AR
and 29,760 frames of “Agonist — Gi” bound A;AR, respectively. Only a marginal portion

of the frames were inaccurately categorized. Specifically, ~0.01% (3 frames) of “Agonist”
bound A;AR were predicted to be “Agonist — Gi” bound A;AR, and ~0.8% (240 frames) of
“Agonist — Gi” bound A;AR were predicted to be “Agonist” bound A1AR (Figure 2A).

The pixel-attributed residue contact gradient maps of the most populated A1AR clusters
bound by “Antagonist”, “Agonist” and “Agonist — Gi” are shown in Figures 2B — 2D,
respectively, and S2. Overall, the characteristic residue contacts of “Antagonist” bound
A1AR were located between TM2 — ECL2, TM3 — TM5, TM3 — TM6 and ICL2 — TM6
(Figures 2B and S2A). The characteristic residue contacts of “Agonist” bound A1AR were
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between TM3 — ECL2 (Figures 2C and S2B), whilst of “Agonist — Gi” bound A;AR were
between TM1 - TM7, TM2 — ECL2, ECL1 - ECL2, TM3 - ECL2, TM3 - TM7 and TM5
— TM6 (Figures 2D and S2C, and Table S2). We selected 5 pairs of characteristic residues
from different receptor domains as RCs for 2D free energy profiling, including G2.67 —
K168ECL2 ¥3.21 — 1167ECL2 R3.53 — E6.30, R3.50 — Y7.53 and E5.60 — Y7.53 (Figures

3 and S3). Their distances in available experimental structures (PDB: 5N2S, 5UEN and
6D9H)85: 86. 94 gre summarized in Table S4 for reference. The time courses of characteristic
residue contacts in the A;AR activation are plotted in Figure S4.

Free energy calculations showed that the low-energy “ECL2 — SO” conformational state

in the A{AR bound by “Antagonist” was located at ~3-7A distance between G2.67 —
K168ECL2 and ~5-6A distance between Y3.21 — 1167ECL2 (Figure 3A). In the A;AR bound
by “Agonist”, the distance between residues G2.67 — K168ECL2 sampled a broader energy
well (Table 1). In the A1AR bound by “Agonist — Gi”, the conformational space of receptor
ECL2 expanded significantly (Figure 3B and Table 1). One low-energy conformational state
was identified at ~3-4A distance between G2.67 — K168ECL2 and ~5-6A distance between
Y3.21 - 1167ECL2  being similar to the experimental structures. A new low-energy state,
namely “ECL2 — 11”, was uncovered at ~15-16A distance between G2.67 — K168ECL2 and
~5-6A distance between Y3.21 — 1167ECL2 (Figure 3C).

In addition, the “Inactive” low-energy conformational state in the A1AR bound by
“Antagonist” was restricted at ~4-8A distance between residues R3.53 — E6.30 and ~10—
15A distance between residues R3.50 — Y7.53 (Figure 3D). In the AjAR bound by “Agonist
- Gi”, the “Active” low-energy state was identified at ~20-30A distance between R3.53

— E6.30 and ~4-12A distance between R3.50 — Y7.53 (Figure 3F). Upon removal of the

Gi protein, the “Agonist” bound A;AR underwent deactivation with large conformational
changes in the TM6 and TM7 intracellular domains. A new intermediate low-energy
conformational state “1” was revealed at ~12A distance between R3.53 — E6.30 and ~3—4A
distance between R3.50 — Y7.53 (Figure 3E).

Finally, a distance of ~22-24 A between residues E5.60 — Y7.53 and ~15-17 A between
residues R3.50 — Y7.53 constituted the “Inactive” low-energy conformational state in the
A1AR bound by “Antagonist” (Figure 3G). In the A{AR bound by “Agonist — Gi”, the
“Active” low-energy conformational state was identified at ~17-19A distance between
E5.60 — Y7.53 and ~9-12A distance between R3.50 — Y7.53 (Figure 31). The A;AR bound
by “Agonist” after removal of the G;, protein, again, transitioned towards the “Inactive”
state (Figure 3H and Table 1). The “Active” low-energy conformational state was identified
at ~19-21A distance between E5.60 — Y7.53 and ~11-14A distance between R3.50 - Y7.53.

Low-energy conformational states identified for GPCR activation

Two new low-energy conformational states, namely “ECL2 — S1” (Figure 3C) and “I1”
(Figure 3E), were uncovered for the AjAR bound by “Agonist — Gi” and “Agonist”,
respectively. The low-energy conformational state “ECL2 — S1” was compared to the
cryo-EM structure of active agonist — Gi — bound A;AR (PDB: 6D9H) (Figure 4A). In

this state, the distance between residues Y3.21 — 11675CL2 was ~4 A and comparable to the
“Active” conformational state in the 6D9H cryo-EM structure, whilst the distance between
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residues G2.67 — K168ECL2 increased from ~5.0 A in the “Active” state to ~16.0 A due

to significant outward movement of the TM2 extracellular domain. In the intermediate
low-energy conformational state “I” (Figure 4B), the distance between residues R3.53 —
E6.30 decreased from ~21.5 A in the “Active” state to ~12 A due to inward movement of
the TMG intracellular domain, whereas the distance between residues R3.50 — Y7.53 only
decreased slightly from ~6.3 A in the “Active” state to ~4.0 A in the intermediate state “I”
(Figures 4B and 3E).

Characterization of the GPCR allosteric modulation with GLOW

Classification of the AjAR bound by “Agonist — Gi” and “Agonist — Gi — PAM” by
GLOW is shown in Figure 5A. The overall accuracy and loss reached 0.9927 and 0.0178,
respectively (Figure S1). All 30,000 frames and 29,988 frames of the A; AR bound by
“Agonist — Gi” and “Agonist — Gi — PAM” were correctly classified, respectively. Only 12
frames (~0.04%) of the A;AR bound by “Agonist — Gi — PAM” were wrongly predicted to
be A1AR bound by “Agonist — Gi” (Figure 5A).

The pixel-attributed residue contact gradient maps of AjAR bound by “Agonist — Gi” and
“Agonist — Gi — PAM” are shown in Figures 5B — 5C, respectively, and S5. In the AjAR
bound by “Agonist — Gi”, characteristic residue contacts were identified between TM2 —
TM3, ECL1 - ECL2, TM3 -TM4, ECL2 - ECL2, ECL2 — TM5 and TM5 — TM6 (Figures
5B and S5A), while in the A;AR bound by “Agonist — Gi — PAM”, the characteristic residue
contacts were located between TM2 — ECL2, ECL1 - ECL2 and TM3 — ECL2 (Figures 5C
and S5B, and Table S3). We selected 5 characteristic residue contacts from different receptor
domains as RCs to calculate free energy profiles from GaMD simulations, including G2.67
- K168ECL2 ¥3.21 - 1167ECL2 p23,50ECLL — K168ECL2, N148ECL2 _ \/152ECL2 gng
W146ECL2 _ E5 36 (Figures 6 and S6). Their distances in the experimental PDB structures
(PDB: 5N2S, SUEN, 6D9H and 7LD3)85: 86. 94 are summarized in Table S5 for reference.
The time courses of characteristic residue contacts in the A;AR allosteric modulation are
plotted in Figure S7.

PAM binding greatly reduced conformational space of the agonist — Gi bound A;AR in

2D free energy profiles of the distances between residues G2.67 — K168ECL2 and Y3.21 -
1167ECL2 (Figures 6A and 6B, and Table 2). Two low-energy conformational states were
observed in the A1AR bound by “Agonist — Gi”, including “ECL2 — S0” and “ECL2 -

S1” (Figure 6A), whereas the A1AR bound by “Agonist — Gi — PAM” adopted only one
low-energy conformational state (“ECL2 — S0”), at ~3-7A distance between residues G2.67
- K168ECL2 and ~5-6A distance between residues Y3.21 — 1167ECL2 (Figure 6B).

Further free energy profiling showed that the distance range between P23.50ECL1 —
K168ECL2 decreased from the A;AR bound by “Agonist — Gi” to the A;AR bound

by “Agonist — Gi — PAM” (Figures 6C and 6D, and Table 2). However, the distance
range between residues N1485CL2 — \/152ECL2 jncreased (Table 2). The low-energy
conformational state “ECL2 — SO” was identified in the A;AR bound by “Agonist —

Gi” and “Agonist — Gi — PAM”, respectively. Two new low-energy conformational states,
namely “ECL2 — S2” and “ECL2 — S3”, were uncovered in the A;AR bound by “Agonist
— Gi” and “Agonist — Gi — PAM”, respectively. The low-energy state “ECL2 — S2” of
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the A1AR exhibited ~9A distance between P23.505CL1 — K168ECL2 and ~5-7A distance
between N148ECL2 — \/152ECL2 (Figure 6C). The low-energy state “ECL2 — S3” of the
A1AR induced by PAM binding showed ~3-5A and ~8-9A distances between P23.50ECL1 —
K168ECL2 and N148ECL2 — \/152ECL2 respectively (Figure 6D).

Finally, the distance range between W146E5CL2 — E5.36 increased upon PAM binding
(Figures 6E and 6F, and Table 2). Besides the low-energy conformational state “ECL2 —
S0”, new low-energy states “ECL2 — S4” and “ECL2 — S5” were revealed in the AjAR
bound by “Agonist — Gi” and “Agonist — Gi — PAM”, respectively. The low-energy state
“ECL2 - S0” showed ~6-9A and ~2.5-3.5A distances between W146ECL2 — E5.36 and
N148ECL2 _\/152ECL2 respectively, in the AjAR bound by “Agonist — Gi” and “Agonist

— Gi — PAM”. In the A{AR bound by “Agonist — Gi”, the low-energy state “ECL2 —

S4” showed ~13-14A and ~2.5-3A distances between residues W146ECL2 — E5.36 and
N148ECL2 _\/152ECL2 respectively (Figure 6E). The “ECL2 — S3” state of the AjAR
bound by “Agonist — Gi — PAM” (Figure 6D) showed ~8-9A distance between W1465CL2 —
E5.36 and ~8-9A distance between N148ECL2 — \/152ECL2 (Figure 6F). While the distance
between residues N1485CL2 — \/152ECL2 remained similar, the distance between residues
W146ECL2 _ E5 36 increased to ~17-20 A in the “ECL2 — S5” state of the A;AR induced by
PAM binding (Figure 6F).

Low-energy conformational states relevant to GPCR allosteric modulation

Apart from the “ECL2 — S1” conformational state shown in Figure 4A, four additional
low-energy states of the ECL2 were found relevant to allosteric modulation of the AjAR,
including “ECL2 — S2” (Figure 6C), “ECL2 — S3” (Figure 6D), “ECL2 — S4” (Figure 6E)
and “ECL2 — S5” (Figure 6F). In the absence of PAM, the receptor was able to sample

the “ECL2 — S1”, “ECL2 — S2” and “ECL2 — S4” conformational states (Figures 6A, 6C
and 6E). Binding of the MIPS521 PAM, however, biased the receptor to sample distinct
conformational states, including the “ECL2 — S3” and “ECL2 — S5” (Figures 6D and

6F). These conformations were compared to the 6D9H cryo-EM structure of agonist — Gi
bound A;AR and 7LD3 cryo-EM structure of agonist — Gi — PAM bound A;AR (“ECL2
—S07”) in Figure 7. In the “ECL2 — S2” state of the A1AR bound by “Agonist — Gi”, the
receptor ECL1 and ECL2 exhibited significant conformational changes relative to the 6D9H
structure. The distance between residues P23.505CL! — K168FCL2, N148FCL2 _ \/152ECL2
and W146ECL2 _ E5.36 shifted to ~9 A, ~6 A and ~7 A, respectively (Figure 7A). In the
“ECL2 - S3” state induced by PAM binding, the distance between residues P23.505CL1 —
K168ECL2 and W146ECL2 — E5.36 were comparable to those in the “ECL2 — SO” structure,
whereas the distance between N148ECL2 _ \/152ECL2 jncreased to ~9 A (Figures 7B and
6D). In the “ECL2 — S4” state of the A;AR without PAM, the distances between P23.50ECLL
— K168ECL2 and N148ECL2 — \/152ECL2 were similar to those in the 6D9H PDB structure,
but the distance between W146E5CL2 — E5.36 increased to ~13 A (Figures 7C and 6E).

In the “ECL2 — S5” state of the AjAR with PAM bound, the distances between residues
P23.50ECLL — K168ECL2 and N148ECL2 — \/152ECL2 were the same as in the “ECL2 — S3”
state, but the distance between residues W146ECL2 — E5.36 increased to ~19 A (Figures 7D
and 6F). Therefore, the highly flexible ECL2 appeared to play an important role in allosteric
modulation of the A;AR.
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Discussion

In this study, we have presented GLOW — a workflow that integrated GaMD and DL for free
energy profiling of biomolecules. The residue contact maps of GaMD trajectories have been
successfully classified by DL to identify RCs for mapping free energy profiles. In addition,
we have demonstrated the ability of GLOW to characterize both activation and allosteric
modulation of a GPCR. GLOW has, for the first time, enabled combining ML and MD

for modeling of GPCR allosteric modulation. GLOW has allowed us to map free energy
landscapes and identify important low-energy conformational states of the AjAR model
system.

We performed two additional, independent Deep Learning analyses, where residue contact
maps were randomly selected for model training and validation of each A;AR system to
determine the precision of GLOW. GLOW classified most of the simulation frames in
validation of each system with closely similar accuracies in the two new models (“Model

2” and “Model 3”) compared with the original “Model 1”. For the characterization of

the A;AR activation, GLOW accurately classified 100% of the simulation frames of the
A1AR bound by “Antagonist” in all three models. For the AjAR bound by “Agonist”, the
corresponding accuracies were 99.99%, 99.91% and 99.87% in the three DL models. The
accuracies were 99.20%, 99.73% and 96.73% for the A;AR bound by “Agonist-Gi-PAM”.
For the characterization of the A1AR allosteric modulation, GLOW accuracies were 100%,
100% and 99.99% for the A1AR bound by “Agonist-Gi”, and 99.96%, 99.90% and 99.69%
for the A1AR bound by “Agonist-Gi-PAM” (Figure S8). The saliency (attention) maps of
residue contact gradients obtained from the three independent DL models were also mostly
similar for each A1AR system (Figure S8), despite certain variations in attention maps

of the “Agonist” and “Agonist-Gi” bound A;AR due to residue conformational changes
during GaMD simulations of these systems (Figures S4 and S7). Therefore, independent DL
analyses with random assignment of residue contact maps to training and validation datasets
does not result in significantly different model accuracies and attention maps.

Removal of the Gj, protein from the AjAR bound by “Agonist — Gi protein” led to

the deactivation of the AjAR. The intracellular halves of TM3, TM5, TM6 and TM7
underwent significant conformational changes. TM6 drew closer to TM3, while TM7
moved away from TM3 and TM5 (Figures 3E — 3F and 3H — 31). The receptor TM5

and TM6 intracellular domains and helix 8 also became more flexible in the absence

of Gj, protein (Figure S9). Furthermore, an intermediate state “I” was sampled during
deactivation, being consistent with previous studies of activation and deactivation of class
A GPCRs#3. 59, 95-98 Deactivation of the class A GPCR upon removal of the G protein
was found to involve conformational changes of TM6, the R3.50 — E6.30 ionic lock and
the NPxxY motif in the TM7 intracellular domain®. This was consistent with previous
MD simulation findings*3: 59 95-98 The intermediate state “I” of “Agonist” bound A;AR
revealed by GLOW was only different from the 6D9H cryo-EM structure in the position of
TMG6 intracellular end, which shifted inwards by ~12 A (Figures 4B and 3E). Replacement
of the “Agonist” with “Antagonist” in AjAR led to the complete closure of the intracellular
pocket, in which TM3 formed intracellular residue contacts with TM6 with the R3.53 —
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E6.30 distance reduced to ~5 A, and the NPxxY motif in TM7 moved away from TM3 and
TM5 (Figures 3D and 3G).

The ligand-binding extracellular domains and intracellular G-protein binding domains were
found to be loosely coupled in GPCR activation®®. The ECL2 was revealed to be flexible

in the active “Agonist — Gi” bound A;AR and played an important role in activation of

the AJAR73: 74.77.99 (Figure 3C). A;AR even sampled a more “open” conformational state
(“ECL2 — S1”) of the extracellular mouth in the “Agonist-Gi” bound system during GaMD
simulations, due to mostly increased flexibility of the ECL1 and ECL2 (Figure S9). The
“ECL2 - S1” conformation was similar to the cryo-EM structure of “ECL2 — SO” state, with
the difference of ~11A outward movement of the TM2 extracellular domain (Figures 4A and
3C). In comparison, removal of the Gj, protein from the Agonist-Gi-A;AR complex reduced
conformational space of the receptor ECL2 (Figure 3B). Finally, replacement of “Agonist”
by “Antagonist” stabilized ECL2 in a narrow energy well corresponding to the X-ray and
cryo-EM structures of the A1AR (Figure 3A).

The focus of this study was to determine conformational changes of the A1AR during
activation and allosteric modulation. Therefore, we included only residues from the receptor
in the contact maps for analysis, not the ligands such as the PAM. The PAM interacting
residues apparently formed similar contacts with the surrounding receptor residues in the
absence and presence of the PAM, and thus were not picked in the ML model. Notably,
binding of the PAM did not change the structure of agonist-Gi-bound A{AR as shown

in the previous study“2. Structural dynamics of the GPCR-G protein interface has been
analyzed in our previous study#2. With the DL analyses, characteristic residue contacts
such as T2.39-D3.49 (“Model 17), A12.49!CL1.y3 51 R12.51!CL1.R3,53, D2.37-R3.50,
A2.38-D3.49, T2.39-T4.38 (“Model 2”) and T2.39-R3.53 (“Model 3”) were also identified
in the intracellular domains at the G protein-coupling interface of the A;AR during allosteric
modulation (Figures 5 and S8). In addition, GLOW showed that ECL 2 played a critical

role in the allosteric modulation of A1AR, being consistent with previous mutagenesis,
structure and molecular modeling studies#?: 73-76, Structural analysis alone could not tell
the differences in this region between the A;AR bound by “Agonist — Gi” and “Agonist

— Gi—- PAM” (Table S5 and Figure 6). GLOW revealed that the binding of a PAM to

the agonist-Gi-A;AR complex biased the receptor conformational ensemble, especially in
the ECL2 and ECL1 regions (Figures 6 and 7). Indeed, mutations in ECL2 were found

to influence binding affinity and efficacy of both the orthosteric and allosteric ligands, as
well as their binding and functional cooperativities*? 73-77. PAM binding stabilized agonist
binding within the orthosteric pocket of AjAR, thus leading to the observed confined states
of the extracellular mouth. Furthermore, PAM binding was able to disrupt the N148ECL2

— V152ECL2 g _helical hydrogen bond and distort this portion of the ECL2 helix. The
tri-alanine mutation of NLL(147-149)ECL2 by Peeters et al.”* increased the ECsg of an
agonist by more than 100 folds, suggesting the critical role of this particular region in the
activation and allosteric modulation of A;AR. Nguyen et al.”® also found that mutation of
N148ECL2 significantly changed the binding affinity and efficacy of an allosteric ligand to
A1AR. The distortion of ECL2 helix resulted in formation of the “ECL2 — S3” and “ECL2
— S5” conformational states (Figures 6D and 6F). These two states were similar to each
other, with the only difference in the relative position of ECL2 to the TM5 extracellular
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domain. Whilst the receptor sampled a complete closure of the extracellular mouth in the
“ECL2 — S3” state with ECL2 in proximity with TMS5 extracellular domain’® (Figures 7B
and 6D), a small pocket was formed in the ECL2 — TM5 — ECL3 region because of the
conformational change of ECL2 in the “ECL2 — S5” state (Figures 7D and 6F). These
observations were consistent with the finding by Nguyen et al.”® that mutation of W146ECL2
decreased the cooperativity between the allosteric and orthosteric ligands, illustrating the
importance of this particular residue in the allosteric modulation of AjAR. A number of
other “intermediate” low-energy conformational states, including “ECL2 — S1”, “ECL2
—S2” and “ECL2 — S4, were also identified by GLOW. The “intermediate” low-energy
conformational states identified from free energy profiles appeared to result from binding of
Gi, protein and MIPS521 to the A;AR. As described in the previous study#2, binding of the
MIPS521 PAM to the extrahelical lipid-facing pocket formed by TM1-TM6-TM7 helices of
the A1AR stabilized the receptor-G protein complex by increasing agonist binding affinity
and reducing receptor-G protein mobility#2. Furthermore, since ECL2 was previously
suggested to play an important role in agonist binding and allosteric modulation of A1AR,
the “intermediate” states identified from this study have provided further mechanistic
insights into the functional mechanism of ECL2. In general, GLOW findings were consistent
with previous experimental and computational studies, while also provided further insights
into the mechanisms of activation and allosteric modulation of a model GPCR.

In summary, we have integrated GaMD enhanced sampling and DL in GLOW, a workflow
that enables calculations of free energy profiles for DL-predicted RCs with high accuracy.
The GLOW workflow and its user manual can be downloaded at http://miaolab.org/GLOW.
GLOW provides a systematic approach to mapping free energy landscapes of biomolecules.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Overview of the Gaussian accelerated molecular dynamics (GaMD), Deep Learning
(DL) and Free Energy PrOfiling Workflow (GLOW).

(A) With structures of our interest, GaMD simulations are applied for enhanced sampling
of the system dynamics. (B) DL models are then built with GaMD trajectories of residue
contact maps transformed into image representations. (C) The DL analysis allows us to
identify important residue contacts and system reaction coordinates (RCs). (D) Free energy
profiles of the RCs are finally calculated through reweighting of GaMD simulations to
characterize the system dynamics.
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Figure 2. Demonstration of GLOW on characterization of GPCR activation using adenosine A;
receptor (A1AR) as a model system.

(A) Classification of different A{AR systems bound by the “Antagonist”, “Agonist” and
“Agonist — Gi”. (B-D) Saliency (attention) maps of residue contact gradients of the
A1AR bound by (B) “Antagonist”, (C) “Agonist” and (D) “Agonist — Gi”. The seven
transmembrane helices are labeled from | to VII. The gradient of each residue contact is
shown in a 0.15 (blue) to 0.45 (red) color scale.
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Figure 3. 2D free energy profiles of characteristic residue contacts in the A]AR activation.
(A-C) 2D free energy profiles of the distance between residue G2.67 atom O and residue

K168ECL2 atom NZ and distance between residue Y3.21 atom O and residue 1167ECL2
atom N of the AJAR bound by (A) “Antagonist”, (B) “Agonist” and (C) “Agonist — Gi”.
(D-F) 2D free energy profiles of the distance between charge centers of residue R3.53
(atom CZ) and residue E6.30 (atom CD) and distance between residue R3.50 atom CZ and
residue Y7.53 atom OH of the AjAR bound by (D) “Antagonist”, (E) “Agonist” and (F)
“Agonist — Gi”. (G-1) 2D free energy profiles of the distance between residue E5.60 atom
CA and residue Y7.53 atom CA and distance between residue R3.50 atom CA and residue
Y7.53 atom CA of the A;AR bound by (G) “Antagonist”, (H) “Agonist” and (I) “Agonist
— Gi”. The low-energy ECL2 conformational state corresponding to the 5N2S, 5UEN,
6D9H and 7LD3 PDB structures is labeled “ECL2-S0”. The low-energy TM intracellular
state corresponding to the inactive 5SN2S and SUEN PDB structures is labeled “Inactive”
and “Active” for the active 6D9H and 7LD3 PDB structure. New low-energy receptor
conformational states are labeled “ECL2-S1” in (C) and “I” in (E). The 5N2S, 5UEN, 6D9H
and 7LD3 PDB structures of the AjAR are mapped to the free energy surface as star,
hexagon, circle and rectangle, respectively.
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Figure 4. Low-energy conformational states of the AjAR during activation uncovered by GLOW.
(A) Low-energy conformational state “ECL2 — S1” (Figure 3C) compared to the active

6D9H PDB structure. The distance between residues G2.67 and K168ECL2 s ~16A, and
~4A between residues Y3.21 and 1167ECL2, (B) Low-energy conformational state “I”
(Figures 3E) compared to the active 6D9H PDB structure. The distance between residues
R3.53 and E6.30 is ~12A, and ~4A between residues R3.50 and Y7.53. The A;AR bound
by “Agonist” and “Agonist — Gi” are colored orange and green, respectively, and the 6D9H
PDB structure is colored gray.
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Figure 5. Demonstration of GLOW on characterization of GPCR allosteric modulation using
adenosine A1 receptor (A1AR) as a model system.

(A) Classification of different AJAR systems bound by the “Agonist — Gi” and “Agonist —
Gi — PAM”. (B-C) Saliency (attention) maps of residue contact gradients of the A{AR bound
by (B) “Agonist — Gi” and (C) “Agonist — Gi — PAM”. The seven transmembrane helices are
labeled from 1 to VII. The gradient of each residue contact is shown in a 0.15 (blue) to 0.45
(red) color scale.
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Figure 6. 2D free energy profiles of characteristic residue contacts in A1AR allosteric
modulation.

(A-B) 2D free energy profiles of the distance between residue G2.67 atom O and residue
K168ECL2 atom NZ and distance between residue Y3.21 atom O and residue 1167512 atom
N of the A1AR bound by (A) “Agonist — Gi” and (B) “Agonist — Gi — PAM”. (C-D) 2D free
energy profiles of the distance between residue P23.50ECL1 atom O and residue K168ECL2
atom N and distance between residue N148ECL2 gtom O and residue V152ECL2 atom N of
the A1AR bound by (C) “Agonist — Gi” and (D) “Agonist — Gi - PAM”. (E-F) 2D free
energy profiles of the distance between residue W146ECL2 atom CA and residue E5.36 atom
CA and distance between residue N148ECL2 atom O and residue V152ECL2 atom N of the
A1AR bound by (E) “Agonist — Gi” and (F) “Agonist — Gi — PAM”. The low-energy ECL2
conformational state corresponding to the 5N2S, SUEN, 6D9H and 7LD3 PDB structures is
labeled “ECL2-S0”. New low-energy receptor conformational states are labeled “ECL2-S1”
in (A), “ECL2-S2” in (C), “ECL2-S3” in (D and F), “ECL2-S4” in (E), and “ECL2-S5” in
(F). The 5N2S, 5UEN, 6D9H and 7LD3 PDB structures of the AjAR are mapped to the free
energy surface as star, hexagon, circle and rectangle, respectively.
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Figure 7. Low-energy conformational states of the AjAR induced by PAM binding uncovered by
GLOW.

(A) Low-energy conformational state “ECL2 — S2” (Figure 6C) compared to the active
6D9H PDB structure. The distance between residues P23.50ECL1 and K168ECL2 js ~9A,
~6A between residues N148ECL2 and V152ECL2 and ~7A between residues W1465CL2

and E5.36. (B) Low-energy conformational state “ECL2 — S3” (Figures 6D and 6F)
compared to the active 7LD3 PDB structure. The distance between residues P23.50ECL1
and K168ECL2 js ~5A ~9A between residues N1485CL2 and V152ECL2 and ~9A between
residues W1465CL2 and E5.36. (C) Low-energy conformational state “ECL2 — S4” (Figure
6E) compared to the active 6D9H PDB structure. The distance between residues P23.50ECL1
and K168ECL2 js ~5A, ~3A between residues N148ECL2 and V152ECL2 and ~13A between
residues W1465CL2 and E5.36. (D) Low-energy conformational state “ECL2 — S5” (Figure
6F) compared to the active 7LD3 PDB structure. The distance between residues P23.50ECL1
and K168ECL2 js ~5A, ~9A between residues N148ECL2 and V152ECL2 and ~19A between
residues W146E5CL2 and E5.36. The A3 AR bound by “Agonist — Gi” and “Agonist — Gi —
PAM?” are colored green and red, and the 6D9H and 7LD3 PDB structure are colored gray
and silver, respectively.
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Table 1.

Distances between selected characteristic residue pairs in the AjAR bound by “Antagonist”, “Agonist” and
“Agonist-Gi” for the A1AR activation.

Residue contacts “Antagonist” (&) | “Agonist” (&) | “Agonist-Gi” (A)
G2.67 — K168ECL2 2-10 2-15 2-17
Y3.21 - 1167ECL2 4-7 3-7 3-11
R3.53 - E6.30 2-8 8-30 18-30
R3.50 — Y7.53 sidechains 9-15 2-16 3-12
R3.50 — Y7.53 backbone 14-19 7-16 9-14
E5.60 - Y7.53 20-25 15-25 15-24
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Table 2.

Distances between selected characteristic residue pairs in the AjAR bound by “Agonist-Gi” and “Agonist-Gi-
PAM” for the A1AR allosteric modulation.
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Residue contacts “Agonist-Gi” (A) | “Agonist-Gi-PAM” (A)

G2.67 — K168ECL2 2-17 2-10

Y3.21 - 1167ECL2 3-11 3-7
P23.50ECL1 — K168ECL2 2-13 3-7
N148ECL2 _ \/152ECL2 2-9 2-11

W1465CL2 — E5.36 5-18 4-21
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